Railway bridges form one of the major railway asset groups with more than 35,000 bridges on the UK rail network. Additionally, the bridge structures are old with more than 50% of the population constructed over 100 years ago. Due to the unique nature of each bridge and their varied means of construction, the decision as to what type of maintenance actions should be performed and when to perform them is a complex problem. Models can be formulated to predict the future condition of assets along with the effect that interventions such as servicing, repair and element replacement will produce. This can be used to support this decision making process. This paper demonstrates a Markov modelling approach to predict the condition of individual bridge elements. For each bridge element the degradation process is determined by examining the maintenance records and analysing the times that each element takes to deteriorate to the point where maintenance of a certain severity classification is required. By combining the elemental models, an overall bridge model is formed which can be used to investigate different maintenance strategies. The model is capable of accounting for a bridge's current condition, material, route criticality, structural arrangement and environment. The maintenance, opportunistic maintenance and renewal strategy can also be varied in the model along with the service frequency, inspection frequency and repair delay time. Using the model the whole life costs can be predicted for any of the selected maintenance strategies.
Introduction
Railway bridges are categorised into underbridges and overbridges. Underbridges carry rail traffic over obstacles, while overbridges carry another service over the railway. These bridges are made of many different materials including: stone, masonry, brick, wrought iron, steel and concrete. Metal bridges constitute almost 45% of the UK railway bridge population and the majority of these were constructed before 1912. Many bridges have also had increased traffic loads and intensities imposed to meet the current network demands. The focus of this paper is on the asset group of metal underbridges not only because they constitute a significant proportion of the population but also the available historical data to support the study is more than other types of bridges. Moreover, metallic bridges deteriorate faster when comparing with concrete and masonry bridges making them one of the most critical asset groups. The bridge is considered in term of its individual elements such as: decks, girders, abutments and bearings. In order to make sound decisions regarding when and how to maintain the asset the deterioration process of the asset elements over time must be well understood. Intervention costs can then be incorporated into the model allowing the total maintenance costs to be projected as well as investigate the whole life cycle cost (WLCC) of assets afforded by different maintenance strategies. There are several models which have been developed to predict the condition of a bridge for use as a support tool for bridge asset management. These models can be classified into Markov, semi-Markov and Probabilistic models.
Jiang and Sinha 1 and Robelin and Madanat 2 explained the use of Markov models in predicting the deterioration rate of bridges. The deterioration rate of the bridge is reflected in the state transition probability matrix which was estimated based on the condition score data of bridges at different ages.
The method used in obtaining the transition probabilities minimises the absolute difference between the expected value of the condition rating from the Markov chain and the actual average condition rating from the database. Cesare et al., 3 OrtizGarcı´a et al. 4 and Chase and Gaspa 5 presented real applications of Markov models to the evaluation of bridge deterioration. Those studies were carried out based on data of bridges in different states in the USA. The data contained bridge element condition ratings on a scale from one to seven, with seven being 'as new' and one being the worst condition. The Markov model was then applied to predict the evolution of the average condition rating of a set of bridges and the expected value of the condition rating for a single bridge. Morcous 6 investigated the effect of a non-constant inspection period on the transition matrix and proposed that the transition probabilities should be updated using Bayes' rules for more accurate modelling.
While the Markov model is based on the assumption of an exponential distribution for the duration (sojourn) times in specific bridge conditions, semiMarkov models use different distributions (often the Weibull distribution) to model these duration times.
Ng and Moses 7 discussed the use of semi-Markov processes in modelling bridge deterioration. Each state's sojourn time distribution parameters were estimated using the difference between the two age distributions for the respective states. The study was based on real bridge condition data, however, the condition data is for the whole bridge and not bridge elements. In Kleiner, 8 the author discussed modelling the waiting time of the process in any state as a random variable with a two-parameter Weibull probability distribution. The application of the model was demonstrated based on hypothetical data, which was obtained from expert opinion and perception. Once the Weibull distribution parameters were defined by experts, the transition matrix was obtained and the future condition of the assets was predicted. Empirical models which used real condition data can be found in Sobanjo et al., 9 Mishalani and Madanat 10 and Yang et al. 11 Weibull distributions were fitted to the times of a bridge component remaining in a particular condition rating. The transition probability between states can be calculated at any point in time employing a semi-Markov model to account for the non-constant deterioration rate of the bridge element.
Probabilistic models were developed by Agrawal et al.;
12 the authors studied 17,000 highway bridges in New York State with historical data available from 1981 to 2008. Again the bridge component condition ratings were on a scale from one to seven. The approach fitted a Weibull distribution to the durations that a bridge element stays in a particular condition then calculates the mean time of staying in that particular state. The mean duration for each different condition rating is calculated by accumulating the mean durations of the previous states. These means are then plotted on a graph of condition ratings against age and a third-degree polynomial fitted to show the deterioration rate. Frangopol et al. 13 took a different approach and developed a reliability index that measures the bridge safety instead of condition and the deterioration rate of a bridge is the rate of deterioration of the reliability index.
Markov, semi-Markov and Probabilistic approaches have previously been applied to bridge assessments. There are, however, limitations in these models such as: their basis on condition rating scores which is not an ideal for the determination of degradation processes or maintenance models; the estimation of the transition probabilities is significantly affected by prior maintenance actions (i.e. a rise in condition score); 12 and the effects of maintenance on components are not captured. The condition score does not provide the necessary degradation information using the method of studying the lifetime data demonstrated in this paper.
The bridge model in this paper addresses these deficiencies by the use of historical maintenance data instead of condition data. This gives the time to an event when an intervention was carried out. The model is a Markov model that represents the life of bridge components taking account of their current condition, material, structural type and environment. The model is also capable of accounting for the maintenance strategy, opportunistic maintenance, inspection interval, servicing interval and the repair delay time.
Bridge element condition and intervention types
Over time, the condition of a bridge element deteriorates and structural defects appear which trigger different types of interventions. Different components of the bridge are constructed from different materials and experience different levels of degradation. Thus, the maintenance actions required by each component of the bridge tend to be different. There are four intervention categories considered which are given in Table 1 . Servicing is the only type of maintenance which does not change the state of the component. Servicing will slow down the degradation rate. Minor repair, major repair and replacement are assumed to restore the component condition to as good as new. These three interventions can be carried out when the component reaches the good, poor or very poor state from the as new condition.
Analysis of bridge element deterioration
For each bridge element, the degradation process is determined by studying the historical maintenance records and analysing the times that each element takes to deteriorate to the point where a certain type of maintenance is required. From the database, for each bridge component, i, of the same type and material, the complete lifetime to reach state j from new, T Complete data indicates the time of reaching state j from the new condition. Censored data is incomplete data that is obtained when it has not been possible to measure the full lifetime. This may be because the component was replaced, for some reason, prior to reaching the condition j and so the full life has not been observed. The components life is, however, known to be at least T C i,j . Having obtaining these data, the transition rates, j between the new state to state j can be estimated using equation (1) 
where N i is the number of repairs on a single component and n is the number of component of type i studied.
Assuming that the degradation rate is constant, the mean time to an intervention (MTTI) of type j can be calculated as the inverse of the degradation rate. The deterioration rates (given as ) for the four different main bridge components of different materials are presented in Table 2 . Considering the bridge deck, it shows that the rate of timber decks reaching a point where they would require a minor repair is considerably higher than the corresponding rates for metal and concrete decks. This indicates that a timber deck would need more maintenance than metal and concrete decks. While the average replacement rate of timber decks is after 45 years, the life of a metal deck is about three times longer (136 years). For concrete decks, it only needs to be replaced after 187 years. Concrete decks have the longest working life, four times longer than timber decks and 1.5 times more than that of metal. The study shows that the bearings deteriorate faster once they reach the good condition. Note that there were not enough data to allow the replacement rate of the abutment to be estimated, this also suggests the fact that bridge abutments are rarely replaced.
Bridge model
This section contains a description of the construction of a continuous-time Markov model that models the degradation, inspection, servicing and maintenance of all the bridge components. The models for the bridge elements as well as the whole bridge are presented. Simulations can then be run on the complete bridge model to investigate the effects of different maintenance strategies. Lifetime duration, over which the predictions will be made, has been assumed to be 60 years. A lifetime of 60 years is considered long enough to ensure that the maintenance strategy adopted takes actions which are in the longer-term interests of preserving the asset state. However, since in the modern era the frequency, weight and length of the traffic applied to a bridge commonly 
Elemental model
Under normal management, all bridges and their components are inspected after a certain period of time. At the point of inspection, the current state of the bridge components is identified. Bridge components can either reside in a condition that no repair is needed or have reached the condition where a certain type of repair can be carried out. If a change in the state of the element (i.e. the moving of the state from poor to very poor) happens between two inspections, the failure is unrevealed until the second inspection. Moreover, at this point, a maintenance decision can be made to repair the component or to leave it to deteriorate to a poorer state. Figure 1 shows the Markov state diagram that was developed to model the deterioration and repair process of an element. The component starts in new condition (state 1) and deteriorates to state 2 where a minor repair can be performed. Following an inspection, if it is revealed that the component is in state 2, the element can either Effectively, the model models two phases in the component's life: the first phase is the continuous phase, modelling the degradation and repair processes between any two inspections and the second phase is at the point where the condition of a bridge element is revealed by inspection and the decision of whether to repair or not is made. There are four maintenance strategies possible in this model and these are described in Table 3 .
Bridge model
Based on the same concept as an element's model, the bridge model can then be built. It is worth noting that the number of states in a Markov model increases exponentially as the number of components in the model increases. It is not possible to illustrate the complete bridge model graphically due to its size and complexity. Figure 2 illustrates the states of the Markov model, considering a system of two components -two main girders. Each bridge main girder can be in four possible conditions, thus there are 4 2 ¼ 16 possible Markov states. At the point of inspection, the conditions of the components are revealed therefore an extra 16 states are added to the model representing the states where the component conditions are actually known. In Figure 2 , the degradation and repair transitions between the states are represented by solid arrows, and inspection transitions are denoted by dashed arrows. The shaded states are the states for which the bridge element conditions are revealed by inspection. For example, in state 24, it is revealed that after the inspection, the main girder 1 (G1) is in a good (G) condition whereas the main girder 2 (G2) is in a very poor (VP) condition. If the maintenance strategy is to repair the components as soon as they reach the states where repair is necessary then the repair process will restore the girders' conditions to as good as new. This is represented by the repair process from state 24 to state 1. It is worth noting that for different maintenance strategies the Markov model states are the same, however, the repair transitions are different. Figure 3 illustrates the model for the same two girder system that is managed under maintenance strategy 3. Note that the degradation transitions are the same as illustrated in Figure 2 and are not therefore shown in this figure for the sake of clarity. A computer code was written in MATLAB to aid the process of generating the larger and more detailed Markov bridge model to include more components. The software first generates all the possible model states then generates all the transitions possible governed by a specified maintenance strategy. The software allows a model of any size to be generated, limited only by the memory size available on a particular machine. While the solution time increases with the size of the model it has short analysis times with the 2048-state Markov model generated in this study having a computation time of about 1 min.
Opportunistic maintenance
Since the bridge model consists of many different elements, the conditions and deterioration rates of these elements are different, hence the times when interventions are required are also different. If a component is being repaired, opportunistic maintenance considers carrying out repair on other components which have a deteriorated condition but would not normally instigate maintenance. This takes advantage of any possession time or preparation required by the major maintenance task to minimise longer term service disruption. Figure 4 shows the model for two main girders with maintenance strategy 2 and identifies the states where opportunistic repair are possible. In particular, state 23 in the model represents the case that after an inspection the main girder 1 is discovered No repair, component is allowed to deteriorate without any interventions to be in a good condition and the main girder 2 is in a poor condition. Under maintenance strategy 2, only the main girder 2 will be repaired, the repair process will bring the system to state 5 where the main girder 2 is now in the as new condition whereas the main girder 1 remains in the same condition. It is possible in this case to carry out opportunistic maintenance on main girder 1; this will bring the system back to state 1 where both component conditions are restored to the as good as new condition. The repair process represented by an arrow connecting state 23 and state 5 will be replaced by an arrow from state 23 to state 1. Again the process of generating the repair transitions for opportunistic maintenance is done automatically by the software.
Transition rates
The previously established deterioration rates govern the process from the as new state. The Markov model needs the transition rates between two adjacent states (good to poor, poor to very poor). The rate from state i to state j can be calculated as the inverse of the mean time reaching state j from state i, MTTF i,j this can be estimated from
In reliability analysis, MTTF i,j is the mean time to a failure and indicates the mean time of reaching state j from state i. In this case 'failure' indicates the time to the point at which repair is necessary. ij is the deterioration rate from state i to state j and is calculated as the inverse of MTTF i,j . i s the deterioration rate from The deterioration rate of an element strongly depends on the environment as well as the servicing frequency. The model is capable of modelling these effects by adjusting the degradation rate according to the specific environment and servicing regime. This can be done by multiplying the rate obtained in equation (3) by adjustment factors. It was found that if a metal girder is serviced every 20 years, the rate of deterioration from as new to the good condition increases by a factor of two compared with one that is serviced every year. Under these circumstances the rate of an element moving to a poor condition is almost 2.5 times greater. For a metal deck that is being serviced every 20 years, it also shows that the degradation rate from the as new to a good condition is twice the rate when the metal deck is being serviced every year, the rates from the as new to poor and very poor conditions also increase by 1.8 and 1.3 times, respectively. Similar investigations were studied on other components and these effects were included in the model. The repair rates, the inverse of the mean time to repair (MTTR), 1 , 2 , 3 are also included in the model. The time to repair consists of two main components:
. the time to schedule the repair; . the time for the actual repair work to be carried out.
The time to schedule the work is defined as the duration between when the work was identified as being necessary and when the work actually starts. The time of repair is calculated as the duration of the repair carried out. Thus, the repair rate can be calculated as
As mentioned earlier, there are two phases for the model calculations. The first phase is the continuous phase between any two inspections, the system equation is governed by equation (5) where Q is the matrix representing the probabilities of being in each state; A is the transition rate matrix based on the deterioration rates and repair rates as given in equation (6) ; and _ Q is the rate of change of probabilities at each state in the model. Note that the transition rate matrix given in equation (6) is for a single bridge element, i.e. the bridge system contains only one element. This system of differential equations was solved using a fourth-order RungeKutta method with variable time step to speed up the process 
The second phase, corresponding to the point of inspection, is a discrete phase. At this point probabilities in the model are transferred between unrevealed condition states and known condition states according to equation (7) . Q k (t) and Q 0 k (t) are the state probabilities immediately prior to following inspection, respectively, and k represents the states where the component state is scheduled for a certain type of repair and i represents the state of the corresponding unrevealed condition.
Expected maintenance costs
Average repair costs for each type of maintenance work on each of the bridge elements of different materials were estimated from the database of previous work carried out. The average cost of the maintenance is combined with the cost of any requirement for possession (note that this cost is different depending on asset route criticality). The total repair cost over the structure life period is then calculated by taking the product of the number of bridge element repairs of each severity and the average costs of such repairs. The number of bridge element repairs can be calculated by integrating the rate of transitions from each corresponding degraded state to the as new state over the specified life time, T. The expected repair costs are given in equation (8) . The servicing and inspection cost are also considered, depending on the frequency of the inspections and services, these costs can easily be added to the total costs. In total, the total expected maintenance costs for a component is Total expected maintenance cost
where T is the length of the prediction period (year), Q i k t ð Þ is the probability that component i requires minor repair at time t and has been scheduled for repair (state k), Q i l t ð Þ is the probability that component i requires major repair at time t and has been scheduled for repair (state l), Q i m t ð Þ is the probability that component i requires replacement at time t and has been scheduled to be replaced (state m), 
Model applications
This section presents the results obtained for a selected typical metal underbridge structure and demonstrates the capabilities of the proposed model. The bridge's main components and their initial conditions are illustrated in Figure 5 . Bridge components such as the external main girders (MGE), bearings (BGL) and abutments (ABT) can be grouped together to reduce the number of model states. Hence, a Markov bridge model of 2 Â 4 5 ¼ 2048 states was generated for the analysis.
Effects of a specific maintenance strategy
The application assumes maintenance strategy 1, which is to repair as soon as a component begins to deteriorate. Figure 6 shows the probability of the bridge model being in different states over the 60 year period. Each state in the model is a unique combination of all the bridge element conditions, the mapping of some of the model state and the element conditions can be seen in the table below the graph. It can be seen that the model starts with a probability of one of being in state 409; this is the initial condition States  DCK  MGE1  MGI1  MGE2  BGL1  BGL2  ABT1  ABT2  1 As new As new As new As new As New As new As new As new 17
As new Good As new Good As New As new As new As new 65
As new As new Good As new As New Figure 6 . Probabilities of being in different condition states for the bridge model under maintenance strategy 1 (repair as soon as the component is identified to be in a state where repair is necessary).
of the bridge elements. The inspection period was set to be every 6 years. The figure shows that during the first 6 years, the probability of the bridge model being in state 409 decreases and the probability of being in state 413, 425 or 665 increases, these states represent the deterioration of the bearings, the girders and the deck. By the end of the first 6 years, the probability of all the components remaining in the same conditions as initial conditions is about 45%. The probability that the bearings (BGL) deteriorate to very poor (state 413) is almost 20% while the likelihood of the deck or any main girder deteriorating to worse states is about 10 and 20%, respectively. Note that the probability of being in any other state is less than 1% was not included in the plot. As the strategy is to carry out repair as soon as the components are revealed to be in the state where any type of repair is necessary, the repair process can be clearly seen after the sixth year when the probability of the components being in the as new condition increases and the probabilities of being in a worse condition decreases. It is expected with this maintenance strategy, that there is an average probability of 65% that all the components will be operating in the as new condition (state 1).
The effects of maintenance can be seen in the 'wave' nature of the plot. The peak of the 'wave' is when the inspection happens and the condition of the component is revealed. Following this point, any revealed failures are scheduled for repair thus the probability of being in the as new condition increases. A certain time after the repair, as the component continues to deteriorate, the probabilities of being in poorer condition states again increases. This process is what creates the 'wave' shape in the plot. After the next inspection when the component condition is revealed, the process is repeated again.
Effects of opportunistic maintenance
Figures 7 and 8 show the effects of opportunistic maintenance on repair strategy 2, which is to repair when the component reaches the poor condition. It can be seen that, in Figure 7 , after the first inspection, the maintenance strategy is to carry out repair on the internal main girder (MGI) and the bearings (BGL) as these components are in the condition where major repair is necessary. This process brings the system to state 273 where the condition of MGI and BGL are now restored to as good as new. Opportunistic maintenance also considers carrying out repairs on the States  DCK  MGE1  MGI1  MGE2  BGL1  BGL2  ABT1  ABT2  1 As new As new As new As new As new As new As new As new 273 Good Good As New Good deck (DCK) and external main girders (MGE); this is because while these components have not yet reached the point where the repair is triggered for this maintenance strategy they are in the state where repair is possible. This means that in this case all the components are scheduled for repair at the same time, and all the components are expected to be in the as good as new condition after the first repair, this is reflected in Figure 8 as the probability of the model of being in state 1 increases to 80% after the first inspection. As a result of applying opportunistic maintenance, it is more likely that the components will be operating in better conditions when compared with the case where opportunistic maintenance is not employed, however, the expected number of repairs will also increase resulting in higher maintenance costs.
Analysis of a particular element
As well as predicting the probability of the bridge model being in different states, analysis can be done on a single component. Figure 9 shows the probability plot for a single element, metal deck, being in different conditions. The plot shows that under maintenance strategy 3 (repair when the component is identified as being in the state where renewal is needed), the probability of the deck being in a poor condition is about 50% after 30 years. Carrying out a similar analysis on the other elements, the probabilities of different components being in a certain condition state can then be compared. This information is useful to identify critical component in the structure as well supporting the maintenance decision making process. Figure 10 shows the expected maintenance costs of strategy 3 for all bridge elements and the cumulative maintenance cost over the prediction period. With this strategy, the components are left to deteriorate until they need replacement and since the internal main girder (MGI) and bearings (BGL) are already in a poor condition, the probability of these components requiring repair is higher than other components. This results in a large proportion of the maintenance cost being influenced by the work done on these components. Figure 11 shows the expected cumulative maintenance cost for all maintenance strategies. It is clear to see that following strategy 1 results in a very high initial maintenance cost because the components such as the decks, girder and bearings, are all in states where the repair is necessary and hence they are scheduled to be repaired immediately at the beginning of the prediction period. In contrast, strategy 3 does 'minimum' work by allowing the component to deteriorate to a very poor state before intervention, the total expected maintenance cost for this strategy after 60 years is around 71,000 which is almost twothirds of what is expected from maintenance strategy 1. It is worth noting that strategy 2 with opportunistic repair results in a similar initial cost to strategy 1 since all the bridge elements are scheduled for repair after the first inspection. In general, opportunistic maintenance results in a higher maintenance cost, however, the probability of an asset being in a better condition is higher. Depending on a particular asset, these strategies can then be applied where the trade-off between the total expected maintenance costs and the condition profiles can be explored, allowing the most appropriate maintenance strategy to be selected.
Expected total maintenance cost

Conclusions
This paper demonstrates a Markov modelling approach to predict the condition of individual bridge elements along with the effects that interventions will produce. For each bridge element the degradation process is determined by examining the maintenance records and analysing the times that each element takes to deteriorate to the point where a certain type of intervention is required. The state of a component requiring a certain type of intervention was estimated based on historical work performed data and used as an input in the model. The development of the bridge model was also discussed and simulation results were presented to demonstrate the capability of the model as well as the type of information the model generates that can be used to support the asset management strategy selection.
The model is capable of modelling the individual structural elements accounting for: current (initial) condition, material type, structure type, asset criticality, environment, inspection intervals, servicing intervals, repair strategy and the repair scheduling (delay) times. All these parameters can be varied to allow a wide range of maintenance scenarios to be investigated. The model outputs are the probabilities of the bridge state as well as that of a bridge element being in different states at any given time in the future; the expected maintenance cost for each type of intervention for each bridge component; and the total expected maintenance expenditure -WLCC over the entire prediction period.
The assumption used in this model is that a constant deterioration rate is experienced (a requirement of the Markov model). Also due to the unavailability of the historical data, a linear relationship was assumed to model the effects of servicing on the degradation rates of bridge elements. More detailed data is required to support a better understanding of these assumptions
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